ABSTRACT: Biodiversity−ecosystem functioning (BEF) research has been a major topic in ecology for over 2 decades, and recent meta-analyses have confirmed biodiversity to be a driver of ecosystem processes and services. To date, the vast majority of BEF studies have been conducted experimentally, and it is unclear whether their outcomes can be transferred to natural communities and ecosystems. The major challenge faced in the analysis of observational data is to incorporate direct and indirect processes which influence the response variable of interest. Consequently, the statistical methods used to analyze such relationships must accommodate the multivariate nature of these data. One multivariate approach, viz. structural equation modeling, has already been applied to BEF research in terrestrial and freshwater ecosystems. In this study, we applied a structural equation model to monitoring data on marine phytoplankton communities, including data on environmental parameters, community structure, and measures of productivity. Our aim was to ascertain whether similar patterns and processes driving BEF relationships as described for other ecosystem types are evident in marine phytoplankton communities. We found that different aspects of biodiversity (richness, evenness) are significantly linked to ecosystem functions (productivity, resource use efficiency). These relationships are embedded in a multitude of direct and indirect links between environmental factors, community diversity, and productivity. Overall, our analysis confirms patterns observed in terrestrial and freshwater ecosystems and highlights the importance of incorporating multivariate methods for a better understanding of BEF processes in natural ecosystems.
INTRODUCTION
In the face of an unprecedented rate of change in biodiversity worldwide (Pimm et al. 2014) , the question of why we are losing species at such a rapid pace and the estimation of possible consequences of this decline have turned into a major research topic in ecology. Large-scale grassland experiments in the early 1990s suggested that a loss of diversity might have detrimental effects on the dynamics and functioning of ecosystems (Naeem et al. 1995 , Tilman et al. 1996 . Twenty years later, a huge number of experimental and theoretical studies exploring the relationship between diversity and the rate and stability of several ecosystem processes have considerably improved our understanding of the main underlying processes (Balvanera et al. 2006 , Cardinale et al. 2006 . Cardinale et al. (2012) recently summarized the experimental evidence for biodiversity as a driver of ecosystem processes and services. Based on hundreds of experiments, they concluded that there is unanimous evidence for positive effects of biodiversity on resource capture and the resultant enhanced biomass production within trophic groups. This evidence is based mainly on experimental studies with artificially maintained biodiversity gradients, thus generating debate regarding the transferability of the results to natural ecosystems. Indeed, coexistence mechanisms determining natural species composition and mechanisms relating diversity to functions may differ (Hillebrand & Matthiessen 2009) . Also, most studies have analyzed richness as a sole measure of biodiversity, although effects mediated by evenness have been commonly reported in field studies (Hillebrand et al. 2008) . Finally, all of the described mechanisms potentially act on different temporal and spatial scales and can therefore rarely be understood out of context (Cardinale et al. 2009 ), making generalizations difficult.
To date, only a few studies have addressed the challenge of validating experimentally derived theories with data from natural aquatic ecosystems. The first 2 columns of Fig. 1 give an overview of these studies and their hypothesized biodiversity− ecosystem functioning (BEF) patterns. Ptacnik et al. (2008) analyzed over 3000 phytoplankton samples from Scandinavian lakes over vast environmental gradients and found that resource use efficiency (RUE) and its stability were directly related to species diversity. Korhonen et al. (2011) investigated productivity− diversity relationships in boreal lakes in Scandinavia, considering additional influences of spatial scale dependency, resource availability, and environmental factors. While acknowledging the significant effects of these external factors on phytoplankton biomass and the productivity−diversity relationship, positive effects of species richness on biomass production were also evident. Filstrup et al. (2014) analyzed long-term data from lake ecosystems on diversity and biomass across trophic levels. In their study, phytoplankton evenness showed negative correlations with RUE and biomass production at the producer level, but positive correlations with RUE at the consumer level (zooplankton). At the same time, RUE on both levels increased with increasing species richness at both levels. MPD: multivariate productivity diversity hypothesis Despite these case studies, ecologists face both methodological and mechanistic challenges when disentangling the multiple simultaneous pathways that drive biodiversity and ecosystem functioning in natural ecosystems. Due to the multivariate nature of most ecological data, the methodology applied to assess fundamental mechanisms must accommodate the multivariate nature of these dependencies, as well as direct and indirect influences. Structural equation models (SEMs) represent a multivariate approach capable of dealing with such interdependencies (Arhonditsis et al. 2006 , Grace et al. 2010 . By allowing for the integration of several processes in a single model, SEMs provide a framework for the analysis of multivariate hypotheses that can incorporate more flexible networks of interactions than any bivariate approach. Cardinale et al. (2009) used an SEM approach to explain productivity−diversity relationships of phytoplankton communities in Norwegian lakes, combining aspects of species energy theory and resource ratio theory. They found a network of direct and indirect pathways relating resource availability, resource ratios, and species richness to the amount of biomass produced (multivariate productivity diversity hypothesis, MPD).
In this study, we applied an SEM to a monitoring data set of intertidal phytoplankton communities. Our study is the first to extend a multivariate approach to a marine natural ecosystem to address the following questions: (1) What are the drivers of phytoplankton productivity? (2) Do we find similar BEF relationships and mechanisms in a highly dynamic ecosystem influenced by tides and currents as in lake and grassland ecosystems? (3) Can these patterns be related to or explained by theoretical concepts like enhanced RUE in more diverse communities (Ptacnik et al. 2008) ?
MATERIALS AND METHODS

Data
The 3 study sites (Stn 1: 53°45' 01.00" N, 007°40' 16.30" E; Stn 2: 53°43' 75.70" N, 007°42' 42.80" E; Stn 3: 53°43' 38.90" N, 007°43' 58.40" E) are located in a tidal flat between the northwest coast of Germany and a back barrier island located a few kilometers offshore. The area is characterized by semidiurnal tides (tidal range 2.2−2.8 m), which regularly flood about 80% of the tidal flats with water carrying high suspended matter loads from the North Sea. Current velocities of up to 1.8 m s −1 cause vertical and horizontal mixing of the water column (Reuter et al. 2009 ). Samples were taken from 3 different depths, viz. 1 m and 6 m below the water surface and 1 m above the sea floor, which is at a water depth of between 9 and 10 m in this area. In order to prevent variation in community composition due to the tidal cycle, all samples were taken during half-tide with incoming flood. Our data set consists of phytoplankton samples taken approximately twice a week between March and December 2009, resulting in a total of 101 samples (see Supplement 1 at www. int-res. com/ articles/ suppl/ m523 p031 _ supp. pdf). Apart from phytoplankton samples, measurements of the following environmental parameters were taken at each sampling occasion and site: oxygen saturation, dissolved (N, P, Si) and particulate (C, N, P) nutrients, water temperature, conductivity, salinity, density, turbidity, and redox potential (see Supplement 1). A multi-water sampler (HYDRO-BIOS) with 3.5 l Niskin bottles was used to collect water samples. The sampler was equipped with a CTD probing system with sensors for measuring pressure, conductivity, and temperature, from which salinity and density were derived (UNESCO 1985) . Subsamples (250 ml) from each Niskin bottle were frozen immediately, stored at −20°C, and then used for photometrical nutrient analysis (Autoanalyzer SAN ++, Skalar). Data on photosynthetically active radiation (PAR), wind di rection, and wind speed were supplied by a permanently installed time-series station nearby (Grunwald et al. 2007 , Reuter et al. 2009 ). Consequently, these parameters are represented with the same value for all 3 sampling locations per day, which is justified as large differences in weather conditions are unusual in the study area.
For species identification, 100 ml subsamples were preserved in 1% Lugol's iodine solution and stored in brown glass bottles. The organisms in 1 and 5 ml subsamples were counted for each sample in order to ensure the detection of rare species in the 5 ml subsample. Due to high amounts of detritus and sediment in all samples, smaller (benthic) species had to be counted in the 1 ml subsample. Phytoplankton organisms were determined to the lowest possible taxonomic level, using an inverted microscope (Zeiss, Axiovert 10) (Utermöhl 1958) . The dimensions of simple geometrical bodies of 20 cells of each dominant taxon were measured and used for calculation of specific cellular volumes according to Hillebrand et al. (1999) . Cell volumes of rare taxa were taken from the HELCOM phytoplankton check list (Ole nina et al. 2006 ).
Data analysis
We calculated RUE for nitrogen and phosphorus as phytoplankton biovolume per unit of available nutrient (Ptacnik et al. 2008 , Striebel et al. 2009 ), e.g. for nitrogen:
In order to condense the environmental variables to a smaller number of biologically meaningful factors and use these as latent variables in the SEM, we analyzed the corresponding correlation matrices and applied exploratory factor analysis (Harman 1976 For implementation and evaluation of the SEM, we applied the open source software smartPLS (Ringle et al. 2005) . SmartPLS employs an alternative to the often-used covariance-based SEM approach and is especially suitable for cases in which data are not normally distributed or sample sizes are small (Götz et al. 2010) , which both apply to our data set. Partial least squares (Lohmöller 1989 ) path models maximize the variance of endogenous latent variables explained by the independent variables. The partial model relationships are estimated iteratively applying ordinary least squares regression (Haenlein & Kaplan 2004 , Esposito Vinzi et al. 2010 . For more details on the methodology and application, see Supplement 3.
Model set up
Structural model
The structural model depicts the direct and indirect relationships between the latent variables. Our general expectation, based on the fin dings reported by Cardinale et al. (2009) and Ptacnik et al. (2008) , was to find evidence suggesting that the environmental factors and nutrient availability affect ecosystem functioning (biovolume and RUE) directly and indirectly via diversity aspects (richness and evenness). For the initial model structure, we therefore implemented 4 exo genous latent variables describing the physical environment and amount of nutrients in the system. These were solar energy, kinetic energy, chemical conditions, and the variable nutrients representing the amount of unconsumed nutrients in the water body (Fig. 2) . Two endogenous latent variables (richness and evenness) described diversity characteristics of the phytoplankton community, and 2 endogenous variables (biovolume and RUE) represented the functional ecosystem aspects. For the initial model structure, we assumed direct causal pathways from the environmental variables to all structural and functional aspects as well as to nutrient availability. The observed parameters indicating the chemical conditions such as salinity are known to affect species composition as well as richness (Braa rud 1951, Lionard et al. 2005) , whereas redox potential and the related measurements of oxygen saturation can significantly influence the amount of phosphorus resuspension from the sediment (Schallenberg & Burns 2004) , thus affecting nutrient availability. Kinetic energy, here expressed by measurements of wind speed, velocity, and turbidity, causes mixing of the water body, which can result in a higher proportion of benthic species in the whole water column and is therefore likely to affect species composition and richness. Sedimented nutrients are also affected by sediment resuspension and mixing depth (Diehl 2002 ). Solar energy is tightly related to seasonal cycles regulating phytoplankton dynamics. Light is an important resource, and temperature affects phytoplankton growth rates as well as nutrient mineralization rates (Thamdrup et al. 1998 , Co lijn & van Beusekom 2005 , Boyd et al. 2013 . As a consequence, we also assumed direct effects of solar energy on biovolume and RUE. Nutrient limitation leads to competitive exclusion of species and hence to changes in community compo- sition (Interlandi & Kilham 2001 , Vallina et al. 2014 . Apart from the indirect effects of nutrient limitation mediated by these shifts in species diversity, we also expected direct effects of nutrient availability on biomass production as commonly reported in the literature (Cardinale et al. 2009 ). We did not specify a direct link between RUE and biovolume, as suggested by Ptacnik et al. (2008) , in our model, because the RUE values were derived using the biovolume measurements (see Eq. 1) and the 2 variables are therefore likely to be correlated. As a consequence, the distinction be tween effects due to this constructed correlation, as opposed to correlation caused by BEF patterns, is unfeasible and interpretation difficult.
Measurement model
The measurement model specifies the relationship between the observable or indicator variables and the latent constructs (Supplement 1). Based on the correlation and factor analysis, we aggregated the 9 environmental parameters resulting in 3 higher-level categories, serving as latent constructs in the model: solar energy (PAR, water temperature, conductivity), kinetic energy (wind velocity, wind direction, turbidity), and chemical conditions (redox potential, density, salinity).
Species richness and genus richness were used as indicator variables for the latent variable richness, whereas Pielou's evenness (Pielou 1966 ) and the Shannon index (Shannon & Weaver 1949) values served as indicators for evenness. Due to a small number of data points with biovolume values several magnitudes higher than the average, the biovolume data were log-transformed. Total biovolume, which includes the biovolume measures of pelagic as well as benthic phytoplankton species, and the biovolume of only pelagic species were employed as manifest variables for the latent construct biovolume.
For particulate nutrients, we only had measurements of N and P, but not Si. Consequently, RUE calculations were only possible for the first 2 nutrients, which then served as indicators for the latent variable. However, as Si represents an important and at times limiting resource for diatoms (Egge & Aksnes 1992 , Martin-Jézéquel et al. 2000 , which are the dominant species in this area (Reid et al. 1990 ), we included dissolved inorganic Si with dissolved inorganic P and N as indicators for nutrient availability. With regard to model interpretation, it should be noted that the content of dissolved inorganic nutrients taken here represents the nutrient fraction which has not been consumed yet.
We tested for influences of sampling depth, but apart from a very weak negative correlation of depth with biovolume and a significant correlation with hydro static pressure, we did not detect sampling depth effects on the remaining variables. As pressure did not impact any of the variables of interest, both variables, pressure and sampling depth, were excluded from the model. SmartPLS returns standardized path coefficients. Hence, the size of path coefficients can be directly compared and interpreted as the estimated change in an endogenous latent variable for 1 unit of change in an exogenous variable.
Although partial least squares regression is capable of dealing with multi-collinearity better than ordinary regression (Wold et al. 1984 , Abdi 2007 , it is recommended to check for high multi-collinearity among exogenous latent variables. For this purpose, we calculated variance inflation factors (VIFs). These quantify the amount of variance inflation of regression coefficient estimates due to multi-collinearity.
RESULTS
In total, 142 species were identified, of which 13 could only be roughly characterized according to their shape and size. Species richness and genus richness per sample varied between 30 and 70 species and 22 and 46 genera. The highest biovolume values were measured in spring, although single peak values (not consistent across depths) were measured throughout the year. Apart from salinity (no seasonal pattern as influenced by weather conditions), pressure (depth-related), O 2 saturation, and redox potential (slight increase throughout the year), all other environmental variables showed typical seasonal patterns.
The final model revealed significant effects of 4 exogenous latent variables on biovolume values (Fig. 3 ). Solar energy (0.243), kinetic energy (0.172), and richness (0.146) yielded positive path coefficients of intermediate magnitude, whereas evenness show ed a significantly negative correlation with bio volume (−0.932) and RUE (−0.657). This suggests a positive influence of the number of species on bio volume values, but even larger positive effects of the dominance of a few species on biovolume values and the conversion of nutrients into new biomass. No other significant effects on RUE were detected.
Evenness itself showed a positive correlation with nutrient availability (0.577), indicating that dominance of a few species increases with the level of resource limitation. Another less pronounced but also positive effect (0.171) was detected for chemical conditions on the level of evenness in the phytoplankton communities.
The second diversity aspect, richness, was also correlated with nutrient availability. Here, species and genus richness decreased with decreasing nutrient levels, confirming that some species are better able to cope with nutrient limitation and therefore dominate, as indicated by the positive correlation between evenness and nutrient availability. Kinetic energy (0.342) showed similar positive effects on species richness as nutrient availability (0.3).
Finally, in terms of nutrient availability the model indicates significant correlations between each of the environmental variables (solar energy, kinetic energy, chemical conditions) and nutrient levels. The warmer the water and the more PAR is supplied, the fewer nutrients tend to be left in the water column. At the same time, larger amounts of nutrients were measured when redox potential, salinity, and kinetic ener gy exhibited high values.
In evaluating the model, we found that the values of the VIFs for all exo genous variables ranged from 1.008 to 1.375, well below the thresh old value of 5 (O'Brien 2007), indicating negligible need to account for multicollinearity issues within this model.
For calculation and interpretation of the following evaluation criteria, refer to Supplement 3. The outer loadings for all indicator variables are presented in Table 1 . Apart from the loadings of salinity (0.579), all other values exceeded the recommended threshold value of 0.7 (Götz et al. 2010) . A removal of indicators with values between 0.4 and 0.7 is only recommended when their deletion results in a significant improvement of the average variance extracted (AVE) values of the corresponding construct (Hulland 1999) . The exclusion of salinity from the model did not yield a considerable improvement in the AVE value. On the other hand, a removal of O 2 saturation caused an in crease of the AVE value from 0.4507 to 0.6376 (above the threshold value), and the parameter was therefore excluded from the model. Table 2 summarizes the remaining evaluation measures. The AVE values for the single latent constructs were all well above 0.5 (Götz et al. 2010 Cronbach's alpha also lay above their according threshold values of 0.6. Only the latent construct chemical conditions, including the indicator salinity, showed a Cronbach's alpha value (0.5316) below the recommended threshold. Our model also satisfied the Fornell-Larcker criterion (Table 3) . According to the presented evaluation criteria, the measurement part of the model is reliable and represents the data well. Table 4 displays the R 2 and Q 2 values for all endogenous latent constructs. Overall, the model showed high explanatory power for the variation measured in the biovolume values (R 2 of 0.8823). Approximately half of the variation in RUE, evenness, and nutrient availability could be explained by their exogenous variables, which is considered acceptable for ecological data. The Q 2 values for productivity, RUE, evenness, and nutrients also indicated large predictive power for these latent constructs and intermediate predictive relevance for diversity. The effect size (f 2 ) values for any possible pair of exogenous and endogenous latent construct are presented in Table 5 . The calculated effect sizes indicated a strong influence of community even ness and solar energy on biovolume, as well as high impacts of nutrients on evenness.
Nutrients themsel ves were strongly affec ted by solar energy and chemical conditions according to the f 2 values. Effect sizes also reconfirmed the strong ef fects of community evenness on RUE.
DISCUSSION
In this study we assessed the multivariate nature of BEF rela tionships in a natural phytoplankton community. By means of an SEM, we evaluated whether direct and indirect mechanisms found in experimental studies and analyses of terrestrial and freshwater data were likewise detectable in this highly dynamic marine ecosystem. Our results indicate that community evenness is the most prominent driver of phytoplankton productivity and RUE, yielding highly significant path coefficients (Fig. 2) . This suggests that a few dominant species which exhibit certain physiological or stoichiometric advantages, and therefore outcompete many other species, are able to exploit the available resources more efficiently. Similar dominance effects were observed by Filstrup et al. (2014; our Fig. 1b) in their study on freshwater phytoplankton communities. The effect might be further enhanced by the fact that the 3 species with the largest cell sizes (Noctiluca scintillans: cell volume = 268 × 10 6 µm 3 ; Coscinodiscus wailesii: 13 × 10 6 µm 3 ; Odontella sinensis: 10 6 µm 3 ) were also ranked first, second and sixth in the list of species with the highest mean biovolume values. Thus, our results support formerly stated assumptions that identities and characteristics of dominating species can have a substantial impact on BEF relationships (Bruno et al. 2005 , Hillebrand et al. 2008 . It should be noted that the maximal biovolume of the 2 biggest species (N. scintillans and C. wailesii) exceeds the biovolume of most other present phytoplankton species by several magnitudes, which causes the biovolume measures to be highly influenced by these 2 species, although they are in fact rare in abundance as well as number of appearances throughout the year. However, an analysis of the data exclusive of these 2 species did not change the model results considerably.
For the effects of species richness on standing stock, the model returned significantly positive values, albeit less pronounced than the influence of community evenness. This indicates that although the identities of dominant species play a predominant role, species richness also significantly influences the shape of BEF relationships. Thus, while the majority of the biovolume might be maintained by a few species, the presence of additional species with potentially different traits enhances the communitywide biomass production. Our results therefore support respective findings of numerous BEF experiments (Fig. 1a) .
The model did not support the hypothesis of an increase in RUE with increasing species number, as reported by Ptacnik et al. (2008) in their analysis of freshwater phytoplankton communities (Fig. 1a) . However, the lowest genus richness level found in our study (22 genera) is considerably higher than the lowest genus numbers in their study (<10). It is possible that above a certain threshold number of species or genera, RUE does not increase significantly and was therefore not detectable in our data set. Further differences could arise due to the fact that we used the mineral nutriments of the nutrients instead of total nutrients and that competition mechanisms differ between oligotrophic lakes and the rather eutrophic tidal flat area in our study. The fact that evenness and diversity show stronger effects on standing stock levels than on RUE values is in agreement with a recent meta-analysis of BEF experiments (Naeem et al. 2009 ), stating greater effects of diversity aspects on standing stock than on process rates.
With regard to the multivariate diversity−productivity hypothesis (Cardinale et al. 2009) (Fig. 1c) , our results confirm the indirect effects of resource availability on biomass production via species richness. However, instead of a direct effect of resource availability on biomass, we again found that the amount of nutrients indirectly affects biovolume through the second aspect of species diversity, viz. evenness. This difference might be caused by the fact that Cardinale et al. (2009) included nitrogen, phosphorus, and PAR in 1 resource variable, whereas we distinguished between the 2 kinds of resources.
The model paths linking the environmental factors with diversity and the functional variables represent ecologically meaningful and reproducible mechanisms. Temperature and light showed significant positive effects on standing stock values. As light is known to be a limiting resource and temperature effects have likewise been proven to affect phytoplankton growth (Raven & Geider 1988 , Berges et al. 2002 , Boyd et al. 2013 ), this result is consistent with current knowledge. We did not detect any direct impacts of light and temperature on either of the biodiversity aspects, which is consistent with the results of an indoor mesocosm meta-analysis by Lewandowska et al. (2012) , who found no direct influence of temperature on phytoplankton evenness or species numbers.
The second environmental variable directly affecting the number of species was kinetic energy. We found significantly positive correlations between turbidity and the fraction of benthic species in the water body, which implies that higher turbidity reflects more intense mixing of the water body and can therefore be associated with higher species richness. In addition, turbidity is known to prevent dominance of a few species through the inhibition of optimal growth conditions (Oliver et al. 2010) , which also promotes higher species numbers. The model's rather low explanatory power for species richness levels (R 2 value of 0.274) and the non-significant influences of all other environmental variables imply that some important factors influencing species rich-ness have not been taken into account. These could possibly be different levels of grazing pressure (Prowe et al. 2012) or lateral exchange of water bodies (Clayton et al. 2013 ) which is not represented in the turbidity values.
Limitations of this approach are clearly that the model can only test relationships and directionalities which have been specified a priori. Moreover, it is constrained by the available data and the theoretical assumptions underlying the different pathways. Further variables such as predator abundance or more detailed measures of nutrient sources and supply may improve model performance. Additionally, SEM, as well as most other statistical methods, assumes linear relationships be tween 2 variables, although we did assess all pair wise relationships during ex plor atory data ana lysis before model construction. As stated earlier, partial least squares-based model estimations are rather robust against common issues like violation of distributional assumptions or sample size (Hulland et al. 2010) .
Overall, regarding the good results for measurement model reliability and relatively high explanatory power for most of the endogenous variables, we are confident that the model identified valid relationships. The indicated patterns generally confirm observations made in experimental as well as observational studies on terrestrial and freshwater eco systems, which suggests that a generalization of BEF patterns across ecosystems is at least possible to some extent.
CONCLUSIONS
The application of an SEM to the analysis of BEF relationships in a natural phytoplankton community showed that multivariate methods are not only an adequate tool, but also highly recommendable when investigating such complex networks of interactions. The model revealed a number of important indirect effects shaping the response of productivity to community diversity and environmental factors. Thus, we were able to identify patterns and mechanisms linking biodiversity and productivity in natural phytoplankton communities, which have so far mainly been described for experimental communities and have yet to be shown for marine phytoplankton in the field. 
